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Abstract. For a 277km2 study area in the Flemish
Ardennes, Belgium, a landslide inventory and two landslide
susceptibility zonations were combined to obtain an optimal
landslide susceptibility assessment, in ﬁve classes. For the
experiment, a regional landslide inventory, a 10m×10m
digital representation of topography, and lithological and soil
hydrological information obtained from 1:50000 scale maps,
were exploited. In the study area, the regional inventory
shows 192 landslides of the slide type, including 158 slope
failures occurred before 1992 (model calibration set), and
34 failures occurred after 1992 (model validation set). The
study area was partitioned in 2.78×106 grid cells and in 1927
topographic units. The latter are hydro-morphological units
obtainedbysubdividingslopeunitsbasedonterraingradient.
Independent models were prepared for the two terrain
subdivisions using discriminant analysis. For grid cells, a
single pixel was identiﬁed as representative of the landslide
depletion area, and geo-environmental information for the
pixel was obtained from the thematic maps. The landslide
and geo-environmental information was used to model the
propensity of the terrain to host landslide source areas. For
topographic units, morphologic and hydrologic information
and the proportion of lithologic and soil hydrological types
in each unit, were used to evaluate landslide susceptibility,
including the depletion and depositional areas. Uncertainty
associated with the two susceptibility models was evaluated,
and the model performance was tested using the independent
landslide validation set. An heuristic procedure was adopted
to combine the landslide inventory and the susceptibility
zonations. The procedure makes optimal use of the available
landslide and susceptibility information, minimizing the
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limitations inherent in the inventory and the susceptibility
maps. For the established susceptibility classes, regulations
tolinkterraindomainstoappropriatelandrulesareproposed.
1 Introduction
Understanding the role of individual factors controlling
landslide location, geographical pattern, and spatial density
is important to predict where landslides can occur in the
future, i.e. to ascertain landslide susceptibility (Varnes and
IAEG, 1984; Soeters and van Westen, 1996; Guzzetti et al.,
1999, 2005; Van Den Eeckhaut et al., 2006). In the past
three decades, a large number of investigators have proposed
and tested qualitative and quantitative methods to ascertain
landslide susceptibility, and to zone a territory based on
its propensity to generate slope failures. Critical reviews
of different modelling approaches to ascertain landslide
susceptibility can be found, among others, in Carrara et
al. (1995), Soeters and van Westen (1996); Aleotti and
Chowdhury (1999); Guzzetti et al. (1999); Dai et al. (2002);
Chung and Fabbri (2003), Glade and Crozier (2005), and
Guzzetti (2006).
The quality of a landslide susceptibility assessment, and
of the associated land zonation, depends on multiple factors,
including (Carrara et al., 1995; Guzzetti et al., 1999, 2006b;
S¨ uzenandDoyuran, 2004; Guzzetti, 2006; Gallietal., 2008):
(i) the main modelling assumptions, the most important
of which is that “the past and present are keys to the
future”, implying that landslides in the future will be more
likely to occur under those conditions which led to past
and present instability, (ii) the ability of the investigator to
recognize existing and old landslides, to prepare a reliable
and reasonably complete landslide inventory map, and to
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recognize the main causes of instability in the investigated
area, (iii) the availability and quality of relevant thematic and
environmental data, including maps showing morphological,
geological, and land use conditions prone to landslides
(i.e., causal factors), (iv) the type of modelling approach
adopted for the susceptibility assessment (e.g., qualitative vs.
quantitative, direct vs. indirect), and (v) the availability of
adequate GIS, modelling and statistical software to perform
the susceptibility analysis.
Mandatory for a reliable landslide susceptibility assess-
ment is the selection of an appropriate terrain subdivision,
i.e. of a “mapping unit”. The term refers to a portion of the
land surface which contains a set of ground conditions that
differ from the adjacent units across deﬁnable boundaries
(Hansen, 1984; Carrara et al., 1995; van Westen et al., 1993,
1997; Luckman et al., 1999). At the scale of the analysis,
a mapping unit represents a domain that maximises internal
homogeneity and between-units heterogeneity (Guzzetti et
al., 1999; Guzzetti, 2006). Various methods have been
proposed to partition terrain for landslide susceptibility
assessment and mapping (Meijerink, 1988; Carrara et al.,
1995; Soeters and van Westen, 1996; Guzzetti et al.,
1999; Guzzetti, 2006). All methods fall into one of
the following seven groups: (i) grid cells, (ii) terrain
units, (iii) unique condition units, (iv) slope units, (v)
geo-hydrological units, (vi) topographic units, and (vii)
political or administrative units. Selection of a mapping
unit affects the way uncertainties in the input data are
dealt with, the model ﬁt, and the reliability of the obtained
susceptibility zonation (Guzzetti et al., 1999). Although the
main advantages and drawbacks of the different types of
mapping units are known (van Westen et al., 1993; Carrara
et al., 1995; Guzzetti et al., 1999; Van Den Eeckhaut et
al., 2005; Guzzetti, 2006; and references therein), only
a few investigators have critically examined the inﬂuence
of different terrain subdivisions on susceptibility zonation
(Carrara et al., 1995, 2008). This is surprising, because
selection of different terrain partitioning units can result
in considerable differences in the susceptibility assessment
(Carrara et al., 2008).
The paper is organized as follows: we ﬁrst introduce the
study area (Sect. 2), and the landslide inventory (Fig. 1).
We then describe the two types of mapping units selected
for this study: grid cells and topographic units (Sect. 3).
In Sect. 4, a description of the landslide and environmental
information available for landslide susceptibility modelling
and of the modelling approach precedes the discussion
on the susceptibility models obtained adopting the two
terrain subdivisions. This is followed by a description of
a multilevel landslide susceptibility assessment, including
indications for land use practices (Sect. 5). In Sect. 6, we
discuss general and speciﬁc implications for landslide hazard
zonation.
2 Study area
The area selected for this experiment extends for 277km2
in the Flemish Ardennes, a hilly region in the south-eastern
part of Flanders, Belgium (Fig. 1a). In the area, elevation
ranges from 20ma.s.l., in the valley of the Scheldt River, to
150ma.s.l., on the hills in the southern part of the area. Less
than two percent of the area has slopes steeper than 10◦. Due
to valley asymmetry, steeper slopes face south to northwest
(Fig. 1b).
In the area crop out gently dipping marine sediments,
Tertiary in age (Fig. 1c). The oldest sediments crop out
in the valley bottoms, and comprise silty clay and course
clayey silt with clay layers, pertaining to the lower Kortrijk
Formation (Jacobs et al., 1999a, b). The upper part
of the Kortrijk Formation (i.e., Aalbeke clay) consists of
homogenous blue smectite clay, and is covered by silty
clay sand with glauconite of the Tielt Formation. Younger
sediments are less abundant in the area, and crop out mostly
at the top of the hills. The Gent Formation, subdivided
in a lower clay member and in an upper glauconitic sand
member, is overlain by ﬁne sand of the Lede Formation, by
homogeneous blue clay and glauconitic sandy clay of the
Maldegem Formation, and by yellow brownish glauconitic
sand of the Diest Formation.
In the late Tertiary and early Quaternary, differential
erosion of lithological layers shaped the topography of
the area (Fig. 1b and c). During cold periods in the
Pleistocene, loess and sand of niveo-eolian origin covered
the early Quaternary topography (IWONL, 1987), with the
percentage of sand decreasing from north to south. As a
consequence, soils with different textures are present in the
area (IWONL, 1987). Soils on gentle slopes and plateaux are
generally dry. Wet soils are present where Holocene alluvial
and colluvial sediments crop out, and where Tertiary clay
hampers inﬁltration (Closson et al., 1999). Perched water
tables build up locally where permeable sand rests on less
permeable clay, and springs are present where a perched
water table reaches the surface.
In the Flemish Ardennes, landslides are common and
cause damage to public and private properties (Van Den
Eeckhaut et al., 2007a, b, c). A regional landslide inventory
map for the Flemish Ardennes was prepared by Van Den
Eeckhaut et al. (2007a, b). The inventory was obtained at
a 1:10000 scale through detailed ﬁeld mapping, aided by
the visual analysis of LIDAR-derived hill-shade and contour
line maps. In the study area, the regional inventory shows
192 landslides, equivalent to a density of one landslide every
1.4squarekm. Intheinventory, thelandslidedeposit(i.e., the
lower part of a landslide with convex planform and proﬁle
curvature) was mapped separately from the depletion area
(i.e., the upper part of a landslide with concave planform and
proﬁle curvature).
Most of the mapped landslides (158, 82%) are deep-seated
(i.e., the shear surface was estimated to be deeper than
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Fig. 1. Study area. (A) Location of the study area in the Flemish Ardennes, Belgium. (B) Slope map for the study area, obtained in a
GIS from a 10m×10m, LIDAR-derived DEM (DEM of Flanders, 2005). Colours, from green to red, show increasing terrain gradient.
Bleu lines indicate large and moderate-sized rivers. (C) Lithological and landslide map showing main rock types cropping out in the study
area (source: Belgian Geological Map at 1:50000 scale. AGIV, 2001a), and old (i.e., early Holocene to 1992) and recent (1992 to 2006)
landslides. White asterisk shows location of Collinabos landslide.
three metres), are larger than 1×104 m2 (average 4×104 m2),
and are classiﬁed as rotational earth slides (Cruden and
Varnes, 1996). The age of the deep-seated landslides is
unknown, but the failures are considered generally older than
100yr. Accelerator Mass Spectrometry (AMS) radiocarbon
dating of the Collinabos landslide (Fig. 1c), located in
the south-western part of the study area, suggests that the
initiationorthereactivationofthedeep-seatedlandslideswas
related to pre- or to early Holocene environmental periglacial
conditions (Van Den Eeckhaut et al., 2007d). Shallow slope
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failures represent 18% (34) of the landslides shown in the
regional inventory, and individually extend for less than
1×104 m2 (average 5×103 m2). They have an estimated
depth of three metres or less, and are classiﬁed chieﬂy as
rotational slides with a ﬂow component at the toe (Cruden
and Varnes, 1996). Many of the shallow failures occurred
inside pre-existing deep-seated landslides. Most of the
shallow landslides occurred in the period from 1992 to 2007
on slopes disturbed by human activities, and where triggered
by above average rainfall (Van Den Eeckhaut, 2006). Small
shallow failures are rapidly removed by local people. For
this reason, the regional inventory is considered incomplete
for shallow landslides that have occurred before 1992 (Van
Den Eeckhaut, 2006).
3 Terrain partitioning units
For the study area, two types of mapping units commonly
adopted for landslide susceptibility zonation were selected:
(i) grid cells, and (ii) topographic units (TU), based on
a topographic gradient subdivision of slope units (SU).
Grid cells divide the territory into areas of regular shape
(“cells”) and of pre-deﬁned size, which become the mapping
unit of reference. Grid cells are most commonly square,
but rectangular, triangular or hexagonal subdivisions are
possible. Each grid cell is assigned a value for each
instability factor (e.g., morphological or geological) taken
into consideration. Alternatively, a set of raster layers, each
mapping a single instability factor, is prepared.
Slope units partition the territory into hydrological
zones bounded by drainage and divide lines (Carrara,
1988; Carrara et al., 1991, 1995, 2008; Guzzetti et al.,
1999). They can be identiﬁed manually from accurate
topographic maps. As an alternative, speciﬁc software
was developed to automatically delineate slope units from
a high resolution Digital Elevation Model (DEM), locally
aided by a simpliﬁed drainage network (e.g., Carrara, 1988;
Fairﬁeld and Laymarie, 1991). The computerized method
is preferred for its speed and efﬁciency, and because it
guarantees an objective, reproducible subdivision of the
terrain. Hydrological and morphometric parameters (and
their statistics; see Table 1) can be computed for each slope
unit, and used in susceptibility analyses. The hydrological
and morphometric parameters obtained for the individual
slope units do not reﬂect “spot” values (like in grid cells).
Instead, they refer to the entire terrain subdivision, providing
more reliable and geomorphologically meaningful results.
Since landslides occur on slopes, and slope units are digital
representations of slopes, this type of subdivision is –
at least in principle – particularly suited to investigate
landslide susceptibility. Depending on the type of instability
to be investigated (e.g., deep-seated vs. shallow slides or
complex slides vs. debris ﬂows), the mapping unit may
correspond either to an individual slope unit (a sub-basin)
or to the combination of two slope units representing a small
catchment. A limitation of slope units consists in the fact
that their hydrological boundaries (i.e., drainage and divide
lines) may not correspond to geomorphological, lithological,
or land use subdivisions important for determining landslide
susceptibility in an area. The latter problem can be
solved by further partitioning slope units using other
terrain characteristics, including morphometric attributes
(e.g., elevation or slope) or lithological types (Ardizzone et
al., 2002; Cardinali et al., 2002a).
The study area was ﬁrst partitioned in 2.78×106 square
grid cells with a 10m×10m ground resolution. Then, slope
units were obtained using specialized software (Carrara,
1988; Carrara et al., 1991, 1995, 2008). For the
purpose, the same 10m×10m resolution DEM, and a
vector representation of the drainage network obtained
from 1:10000 scale digital topographical maps (National
Geographical Institute, 1972), were used. Slope units of
different sizes were evaluated, and compared to the extent
and geographical distribution of landslides. Best results were
obtained using a minimum length for the ﬁrst order channel
of 50m, and a minimum contributing area of 4×104 m2,
comparable to the average size of the old landslides. For
ﬂat areas (i.e., plateaux and large valley bottoms), a larger
minimum contributing area of 5×105 m2 was adopted. A
few particularly elongated slope units encompassing steep
terrain and large portions of the ﬂat valley bottoms, were
subdivided manually. These slope units were partitioned
into a lower topographic unit comprising low gradient terrain
(slope≤3.5◦), and an upper topographic unit to include steep
terrain (slope>3.5◦) and the higher section of the slope unit.
The 3.5◦ slope threshold was selected because for terrain
with a gradient equal or lower than this threshold, landslides
were not identiﬁed in the study area (Van Den Eeckhaut,
2006).
Based on slope units and local terrain gradient, the study
area was partitioned in 2159 topographic units. Inspection
of the obtained terrain subdivision revealed that most of
the topographic units matched the local morphology, and
were suitable for landslide susceptibility zonation. However,
a few topographic units (232 units, 8.5% in area) were
ill-shaped, and did not match morphology (e.g. in areas
where the natural drainage was changed signiﬁcantly by
human actions). These topographic units, which were small
and ﬂat, were excluded from the analysis. As a result,
the terrain zonation adopted for landslide susceptibility
modelling comprised 1927 topographic units, 206 of which
contained known landslides. These topographic units range
in size from 1×103 m2 to 2×106 m2 (average 1×105 m2).
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Table 1. Standardized discriminant function coefﬁcients (SDFC) of independent (explanatory) variables selected as the best predictors of
landslides by the stepwise discriminant function using: (A) all topographic units (TU), based on slope units (SU), and (B), 958 grid cells
(GC). Models columns list the number of times a variable was selected by 50 discriminant models prepared using 80% of the mapping units
(see text for explanation). Variables with a negative SDFC are indicated with (−). When both negative and positive SDFC were obtained,
the number of models with negative SDFC is given in brackets (e.g. (1−)).
(A) Topographic units (TU) (B) Grid cells (GC)
Variable Variable description SDFC Models Variable description SDFC Models
Elevation ELV M TU mean elevation 12 (−) GC elevation −0.182 32 (−)
ELV STD TU elevation standard deviation 0 /
Slope SLO ANG TU mean terrain gradient 7 GC slope gradient 0.987 50
ANG STD TU terrain gradient standard deviation 0.903 50 /
Length SLO LEN SU mean length 0.179 50 /
LEN STD Standard deviation of SU length 2 /
Surface roughness R SU roughness index 0 /
Hydrology MAGN SU channel magnitude 0 /
ORDER SU channel order 0 /
LINK LEN SU channel length 0 /
AREAT K SU contributing area 0 /
LNK ANG SU channel gradient 0 /
DDR / Distance to river 28
Plan PLCV / Divergent (convex) GC 0
curvature PLRE / Parallel GC 9
PLCC / Convergent (concave) GC 0.082 2 1(−)
Proﬁle PRCV / Upward convex GC 0
curvature PRRE / Straight GC 28
PRCC / Upward concave GC 26
Aspect N SU facing N 11 (−) GC facing N 3 (−)
E SU facing E 11 (−) GC facing E 0
S SU facing S 0.201 39 GC facing S 36
W SU facing W 1.174 39 GC facing W 0.131 47
Lithology CLAY TU% of clay 0.075 9 Clay −0.087 7 (2−)
CLAY SAND TU% of clay-sand −0.107 48 (−) Clay-sand 20 (−)
SAND TU% of sand −0.163 50 (−) Sand 0
SCS TU% of sitly clay sand 0 Silty clay sand 8
SILTY CLAY TU % of sitly clay 0 Silty clay −0.280 43 (−)
Soil WET TU% of wet soils 6 Wet soils 0.182 49
hydrology VERY WET TU% of very wet soils 0 Very wet soils 18
DRY TU% of dry soils −0.324 50 (−) Dry soils 0
NO INFO TU % of disturbed soils −0.092 17 (−) Disturbed soils 0
4 Landslide susceptibility modelling
4.1 Dependent and explanatory variables
For landslide susceptibility modelling, a standard multivari-
ate classiﬁcation approach was adopted (Carrara et al., 1995;
Soeters and van Westen, 1996; Guzzetti et al., 1999; Dai
et al., 2002; Chung and Fabbri, 2003), and the presence
or absence of known landslides in a mapping unit was
taken as the dependent (grouping) variable. To prepare (i.e.,
calibrate) the susceptibility models, 158 landslides occurred
before 1992 were used (old landslides in the inventory map).
Thirty-four landslides occurred after 1992 (recent landslides)
were selected for the validation of the susceptibility models.
For modelling landslide susceptibility using topographic
units, the 1927 terrain subdivisions in which the study
area was partitioned were grouped into 1721 mapping units
free of known landslides (stable terrain, 78% in area), and
206 units that contained known landslides (unstable terrain,
13.5% in area). To account for uncertainty associated with
the identiﬁcation and mapping of landslides, and for possible
mapping and drafting errors associated with the production
of the inventory map, topographic units with less than 2%
of the area covered by landslides were considered stable
(Ardizzone et al., 2002; Galli et al., 2008).
For modelling susceptibility using grid cells, a single
cell was selected in each known landslide. Using GIS
technology, a cell in the geographical centre of the landslide
depletion area was identiﬁed as the representative cell (Van
Den Eeckhaut et al., 2006). Following this approach,
158 grid cells representing 11634 unstable grid cells located
in landslide depletion areas were singled out. Selection of
a single cell to represent a landslide depletion area reduced
spatial autocorrelation – a potentially severe problem for
multivariate classiﬁcation methods (Cliff and Ord, 1981;
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Hosmer and Lemeshow, 1989; Legendre and Legendre,
1998) – and mitigated the potential negative effects of
mapping errors along the landslide boundaries.
A stratiﬁed random selection procedure was adopted for
the selection of grid cells representing stable terrain (Van
Den Eeckhaut et al., 2006). The procedure divided the area
into a matrix (a raster) of cells, and randomly singled out
individual cells to represent stable terrain conditions. Using
this approach, 800 grid cells were selected, corresponding
to about ﬁve times the total number of landslide (unstable)
grid cells. The stable cells were selected at a distance greater
than 50m from a known landslide, and exhibited a terrain
gradient, computed from the available high resolution DEM,
steeper than 3.5◦. Selection of a (ﬁve times) larger number
of stable grid cells, than unstable (landslide) cells, was a
working compromise between (i) the necessity of obtaining
balancedsetsofstableandunstablegridcells–arequirement
of multivariate classiﬁcation techniques –, (ii) the need of
using a large (representative) dataset, and (iii) the attempt to
reduce spatial autocorrelation (King and Zeng, 2001; Dai et
al., 2002; Chau and Chan, 2005; Van Den Eeckhaut et al.,
2006).
As independent (explanatory) variables, morphological,
lithological, and soil-hydrological data were used. Litho-
logical and soil-hydrological data were the same for the
topographic-unit-based and the grid-cell-based analyses.
Lithological information was obtained from a digital version
of the 1:50000 Tertiary Geological Map of Belgium (AGIV,
2001a). The nine geological units shown in the map
were grouped into ﬁve lithological classes, including sand,
clayey sand, silty clay sand, silty clay, and clay (Fig. 1c).
Soil-hydrological data were obtained from a digital version
of the 1:50000 Soil Map of Belgium (AGIV, 2001b). Soils
were classiﬁed as very wet, wet, and dry. A separate class
was established for areas where soil information was not
available, e.g. in urban areas or quarries.
Morphological and hydrological data were different (but
comparable) for our two types of terrain subdivisions. For
topographic units, morphological and hydrological variables
wereobtainedfromtheDEMusedtoperformthesubdivision
of the study area into slope units (Carrara, 1988; Carrara
et al., 1991, 1995, 2008). Hydrological variables included
slope unit drainage channel length, gradient, order and
magnitude, and slope unit area and upstream contributing
area. Morphological variables included topographic unit
mean and standard deviation of elevation, slope unit mean
and standard deviation of length, topographic unit mean and
standard deviation of terrain gradient, slope unit aspect (in
four classes), and slope unit terrain roughness. For grid cells,
morphological and hydrological variables were also obtained
from the same DEM. Morphological variables included two
continuous variables (i.e., grid cell elevation and local terrain
gradient) and three categorical variables (i.e., orientation and
plan and proﬁle curvatures). The hydrological distance to a
river was the only hydrological variable.
4.2 Modelling procedure
To model landslide susceptibility, canonical discriminant
analysis was adopted. Selection of this multivariate
classiﬁcation technique was based on two general consid-
erations. First, discriminant analysis has been adopted
successfully in a number of landslide susceptibility and
landslide hazard studies (e.g., Reger, 1979; Carrara, 1983;
Carrara et al., 1982; 1991, 1992, 1995, 2003, 2008;
Guzzetti et al., 1999, 2005, 2006a, b; Nagarajan et
al., 2000; Baeza and Corominas, 2001; Ardizzone et
al., 2002; Cardinali et al., 2002a; Santacana et al.,
2003). Second, canonical discriminant analysis provides
classiﬁcation results comparable to logistic regression
(Michie et al., 1994; Brown, 1998), and rare events logistic
regression (King and Zeng, 2001), when adopted in the same
277km2 study area using slope units.
Discriminant analysis, ﬁrst introduced by Fisher (1936),
classiﬁes samples into alternative groups on the basis of a set
of measurements (Lachenbruch and Goldstein, 1979; Michie
et al., 1994; Brown, 1998). For landslide susceptibility
assessment, two groups are established, namely: (i) mapping
units free of landslides (stable terrain), and (ii) mapping
units having landslides (unstable terrain). The assumption
is made that the two groups are distinct, and that a
mapping unit pertains to one group only. In the context
of landslide susceptibility, the scope of the analysis is
to determine the group membership of a mapping unit
by ﬁnding a linear combination of the environmental
(independent) variables which maximizes the differences
between the populations of stable and unstable units. The
goal is to establish a model to sort the mapping units
into their appropriate groups with minimal error. The
relative contribution of each independent variable to the
discriminating function can be evaluated by studying the
standardized discriminant function coefﬁcients (SDFC). This
allows an investigator to decide if the classiﬁcation model is
sound geomorphologically. Application of the classiﬁcation
model to the terrain partitioning units in a study area allows
for the production of a landslide susceptibility map, i.e. a
map showing the expected spatial (geographical) probability
of landslide occurrence (Guzzetti et al., 2006a).
In the study area, susceptibility models were prepared
using the selected sets of mapping units, namely: (i) 1927
topographic units, including 1721 units free of landslides
and 206 units with known landslides, and (ii) 958 grid
cells, including 800 cells in landslide free areas, and
158 cells in landslide depletion areas. The prediction
skill of the susceptibility models were evaluated using
standardtools, includingcontingencytables(Johnson, 1999),
four-fold plots (Friendly, 1994), success rate and prediction
rate curves (Chung and Fabbri, 2003), receiver operating
characteristic (ROC) curves (Lasko et al., 2005; Begueria,
2006; Van Den Eeckhaut et al., 2006), Cohen’s Kappa index
(Cohen, 1960; Guzzetti et al., 2006b; Van Den Eeckhaut et
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Fig. 2. Landslide susceptibility assessments. (A) Topographic-unit-based susceptibility assessment (single probability estimate from the
entire set of topographic units). (B) Grid-cell-based susceptibility assessment (single probability estimate from the calibration set of 958 grid
cells). (C) Distribution of model error for topographic-unit-based assessment, computed using Eq. (1). (D) Distribution of model error for
grid-cell-based assessment, computed using Eq. (2).
al., 2006), and prevalence and bias adjusted Kappa (PABAK)
index (Byrt et al., 1993; Hoehler, 2000).
Contingency tables (or confusion matrices) show the
number (or the percentage) of true positives, true negatives,
false positives, and false negatives. Four-fold plots
are intuitive, visual representations of contingency tables.
Success rate and prediction rate curves plot the percentage
of the study area in each susceptibility class against the
percentage of landslide area in the same class. The difference
consists in the considered landslides. Success rate curves are
constructedconsideringthesamelandslidesusedtoconstruct
the susceptibility model, and hence represent a measure
of model ﬁt. Prediction rate curves are built considering
independent landslide information (i.e., landslides not used
to construct the susceptibility model), and measure the
prediction skill of the classiﬁcation. ROC curves plot
“sensitivity” vs. 1-“speciﬁcity”, where sensitivity is the
proportion of mapping units containing known landslides
that are correctly classiﬁed as susceptible, and “speciﬁcity”
is the proportion of mapping units free of landslides that
are correctly classiﬁed as landslide free. ROC curves
can be prepared (i) using the same landslide information
used to construct the classiﬁcation model (in this case, the
ROC curve measures the degree of model ﬁt), and (ii)
for independent landslide information, in which case they
measure the classiﬁcation prediction skill. In a standard ROC
plot, the area under a ROC curve, AUC, is a quantitative
measure of the model performance. Swets (1988) considers
AUC>0.90 typical of highly accurate classiﬁcation models.
In contrast to success and prediction rate curves, ROC curves
are not sensitive to prevalence (i.e., considerable difference
between landslide free and landslide-affected mapping units
(Begueria, 2006)). Therefore, ROC curves are considered
a more appropriate evaluation and validation tool. Cohen’s
Kappa and PABAK are other quantitative measures of the
model classiﬁcation or prediction skills.
To further investigate the reliability of the multivariate
susceptibility classiﬁcations, we prepared ensembles of
landslide susceptibility models using the same landslide and
thematic information but selecting a reduced number of
mapping units (80% of total). The ensembles were exploited
to investigate the model reliability, including the role of
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the thematic variables used to construct the model, and the
model sensitivity to variations in the input data (Guzzetti et
al., 2005, 2006b). For slope units, 50 independent models
were prepared. Calibration of the individual models was
performed using 1540 randomly selected mapping units,
corresponding to 80% of the total number of mapping units
in the study area. The remaining 387 units (20% of total)
were selected to validate the susceptibility zonation. For
grid cells, a slightly different (but comparable) approach was
adopted. For each of the 50 independent models, the same
number (158) and location of cells representing unstable
terrain conditions, but a different sample of 800 randomly
selected grid cells representing stable terrain conditions,
were used. Stable grid cells were selected at a distance
greater than 50m from a known landslide and exhibited
a slope steeper than 3.5◦. In this 50-model ensemble,
individual models were calibrated using 766 randomly
selected grid cells (80% of the 958 grid cells). The remaining
192 grid cells (20% of the 958 grid cells) were reserved for
model validation.
4.3 Topographic-unit-based landslide susceptibility
map
For our terrain partitioning based on topographic units, the
adopted canonical discriminant analysis classiﬁed correctly
85.5% (1647) of the 1927 mapping units (Table 2 and
Fig. 2a). The proportion of mapping units correctly classiﬁed
as unstable (179 of 206, 85.3%) and stable (1468 of
1721, 86.9%) are similar, suggesting a reliable (balanced)
classiﬁcation. The quality of the classiﬁcation is conﬁrmed
by the large value of the area under the ROC curve,
AUC=0.92 (Fig. 3a), a ﬁgure indicative of a highly accurate
model (Swets, 1988). The success rate curve (blue circles
in Fig. 3c) has a similar trend, conﬁrming the ability of
the model to correctly classify stable and unstable mapping
units. The Cohen’s Kappa index is 0.49 (Table 2), indicative
of a moderate agreement between the observed and the
predictedvalues. However, thePABAKindex–thataccounts
for “prevalence”, i.e. the proportion of mapping units with
and without landslides – is 0.71, symptomatic of a signiﬁcant
agreement between observed and predicted values.
The stepwise discriminant function selected nine (out of
25) environmental variables as the best predictors for the
presence or absence of known landslides in each topographic
unit. Inspection of Table 1 reveals that environmental
variables associated with terrain instability conditions are:
(i) slope unit facing West (W) and South (S), (ii)
variation (standard deviation) of the topographic unit terrain
gradient (ANG STD), (iii) slope unit length (SLO LEN),
and (iv) presence of clay (CLAY). Conversely, explanatory
variables associated with stable terrain conditions include:
(i) presence of dry soils (DRY), and (ii) presence of
sediments pertaining to the clay-sand (CLAY SAND) and
sand (SAND) lithological classes. In other words, in the
Fig. 3. Evaluation of landslide susceptibility models obtained
through discriminant analysis of topographic units (A and
C) and grid cells (B and D). Upper graphs show receiver
operating characteristic (ROC) curves for calibrated models, i.e.
the false positive rate (1-Speciﬁcity) versus the true positive
rate (Sensitivity). Lower graphs show cumulative percentage
of study area in susceptibility class (x-axis) versus cumulative
percentage of landslide area in the same susceptibility class
(y-axis). Results are shown for calibration (old landslides) and
validation (recent landslides) datasets. Dashed lines indicate area
percentage for susceptible (probability>0.55) and not susceptible
(probability<0.45) areas.
study area landslides are expected chieﬂy in long, West and
South facing slopes, characterized by hummocky topography
and by the presence of clay. Landslides are not expected
where soils are dry, and where sand or clay-sand crop out.
Validation of the topographic unit-based susceptibility
zonation was performed exploiting the 34 recent failures
occurred after 1992 and shown in the regional landslide
inventory map (Fig. 1c). The prediction rate curve (pink
circles in Fig. 3c) reveals that 92% of the area affected by
recent landslides is located in the 23% most susceptible area.
This is a measure of the model prediction skills. However,
the similarity between the success rate and the prediction
rate curves in Fig. 3c is – at least partly – related to the fact
that the recent landslides are located primarily inside older
landslides.
It is worth comparing the susceptibility zonation obtained
using the entire set of mapping units (1927 units) with
the ensemble of 50 susceptibility models obtained through
random selection of 80% of the total number of mapping
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Table 2. Evaluation of the performance of the susceptibility models. I, single model based on topographic units; II, average of 50 models
based on topographic units; III, single model based on grid cells; IV, average of 50 models based on grid cells (see text for explanation).
(A) Topographic units (TU) (B) Grid cells (GC)
Statistics I II III IV
COR percentage correctly classiﬁed mapping units 85.5 85.5 92.7 92.6
ERR percentage erroneously classiﬁed mapping units 14.5 14.5 7.3 7.4
AUC area under the ROC curve 0.92 0.93 0.97 0.97
κ Cohen’s Kappa 0.49 0.49 0.75 0.76
PABAK prevalence and bias adjusted Kappa. 0.71 0.71 0.85 0.84
units (Guzzetti et al., 2006b). Table 1 lists the number
of times the individual explanatory variables were selected
by the 50 individual models. Fifteen of the 25 variables
were selected by the discriminant function for one or more
models, and ten variables (ELV STD, R, MAGN, ORDER ,
LINK LEN, AREAT K, LNK ANG, SCS, SILTY CLAY,
VERY WET) were not selected by any model. Of the
selected explanatory variables, eight variables (SLO ANG,
ANG STD, SLO LEN, LEN STD, S, W, CLAY, WET) are
predictors of terrain instability, and seven variables (ELV M,
N, E, CLAY SAND, SAND, DRY, NO INFO) are predictors
of stable conditions. None of the selected variables entered
the 50 individual susceptibility models with contrasting
weights, i.e. as a predictor of terrain stability in one model
and of terrain instability in a different model. The nine
variables selected by the susceptibility model calibrated
using the entire set of mapping units (ANG STD, SLO LEN,
S, W, CLAY, CLAY SAND, SAND, DRY, NO INFO) were
the most selected variables in the 50-model ensemble. With
the exception of the soil-hydrology class NO INFO (selected
by 17 models), the other explanatory variables were selected
by at least 39 models, and four variables (ANG STD,
SLO LEN, SAND, DRY) entered all 50 models.
For our 50-model ensemble, the average percentage of
mapping units correctly classiﬁed was 85.5, and the average
value of the area under the ROC curve, AUC, was 0.93
(Table 2). These ﬁgures are identical to the corresponding
ﬁgures obtained for the model calibrated using all mapping
units (Table 2). For each mapping unit, Fig. 4a shows the
comparison between the mean value of the 50 probability
estimates obtained using 80% of the mapping units (x-axis),
andthesingleprobabilityestimateobtainedfortheindividual
model prepared using the entire set of 1927 mapping units
(y-axes) (Fig. 2a). The correlation between the two estimates
of landslide susceptibility is high (R2=0.997). This is
an indication that the two classiﬁcations are very similar
(Guzzetti et al., 2006b).
Based on this result, Fig. 4c relates, for the 1927 mapping
units in the study area, the probability estimate of landslide
spatial occurrence (x-axis), ranked from low (left) to high
(right) values, to the variation of the model estimate (y-axis),
Fig. 4. Susceptibility models error. For 1927 topographic units
(A) and for all grid cells in the study area (B), we plot the mean
value for 50 probability estimates obtained from 80% of the 1927
topographic units, or from 80% of 958 sampled grid cells (see
text for explanation) (x-axes) against the single probability estimate
obtainedfortheindividualsusceptibilitymodels(y-axes). Panel(C)
and (D) show the mean value of 50 probability estimates (x-axis)
against two standard deviations (2σ) of the probability estimate
(y-axis). Black line shows estimated model error obtained by a
regression ﬁt (least square method).
measured by 2 standard deviations (2σ) of the obtained
probability estimate (Guzzetti et al., 2006b). The measure
of 2σ is very low (<0.02) for mapping units classiﬁed as
highly susceptible (probability>0.80) and as largely stable
(probability<0.20). The scatter in the model estimate
is larger for intermediate values of the probability (i.e.,
probability values between 0.45 and 0.55), indicating for
these mapping units not only that the model was incapable of
satisfactorily classifying a mapping unit as stable or unstable,
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but also that the obtained estimate is highly variable, and
hence, unreliable (Guzzetti et al., 2006b). Figure 4c further
indicates that the variation in the model estimate can be
approximated by the quadratic equation:
y = 2σ = 0.210x−0.211x2(R2=0.785) (1)
where, x is the estimated value of the probability of
pertaining to an unstable mapping unit (i.e., the landslide
susceptibility estimate), and y is 2σ of the model estimate.
Following Guzzetti et al. (2006b), the value of 2 standard
deviations of the model estimate (2σ) was taken as a
proxy for the model error. Eq. (1) was then used to
estimate quantitatively the model error for each mapping
unit, based on the computed probability estimate. For each
mapping unit, Fig. 2c provides a quantitative measure of the
error associated with the quantitative topographic-unit-based
landslide susceptibility assessment shown in Fig. 2a.
4.4 Grid-cell-based landslide susceptibility map
For the terrain partitioning based on grid cells, the
susceptibility assessment was performed using the same
lithological and soil-hydrological information, and different
(but comparable) morphological and hydrological informa-
tion (see Sect. 4.1). With 749 of 800 (93.6%) grid cells
correctly classiﬁed as stable, and 139 of 158 (88.0%)
grid cells correctly classiﬁed as unstable, the discriminant
analysis classiﬁed correctly 92.7% (888) of the 958 selected
grid cells (Table 2). The quality of the grid-based
susceptibility zonation is measured by the large AUC value
(0.97, Fig. 3b), which indicates a highly accurate model
(Swets, 1988), and by the large percentage (70%) of
landslide grid cells located in the 10% most susceptible
area (Fig. 3d). The Cohen’s Kappa index (0.75) and the
PABAK index (0.85) (Table 2) are further evidences of
the considerable agreement between observed and predicted
cases.
The stepwise discriminant function selected seven (out
of 22) environmental variables as the best predictors
for the presence or absence of known landslides in
each grid cell. Environmental variables associated with
instability conditions include (Table 1): local slope
gradient (SLO ANG), presence of wet soil (WET), grid cells
facing West (W), and grid cells concave upwards (PRCC).
Variables associated with stable terrain are grid cells with
clay (CLAY) or silty clay (SILTY CLAY), and the grid
cell elevation (ELV M). Thus, in the study area landslide
depletion areas are expected chieﬂy where terrain is steep,
concave upward, facing west, and where the soil is wet.
The explanatory variables selected as predictors of stable
and unstable conditions for the grid-cell-based zonation
are different from the corresponding variables selected for
the topographic-unit-based zonation (Table 1). This is a
consequence (i) of the different geographical signiﬁcance
of the environmental variables (grid cells represent local
conditions, slope units describe average terrain conditions),
and (ii) of the different scopes for the susceptibility zonations
(grid cells attempt to predict the location of landslide
depletion areas, and slope units attempt to predict the
location of landslides, including depletion and accumulation
areas).
Validation of the grid-based susceptibility mapping was
performed using the 34 recent landslides. The prediction rate
curve (purple dots in Fig. 3d) indicates that 85% of 1661 grid
cells pertaining to recent landslides (including depletion and
accumulation areas) is located in areas classiﬁed as landslide
prone (probability≥0.55) by the susceptibility model. As
for the topographic-unit-based classiﬁcation, in Fig. 3c, the
distinct similarity between the success and the prediction
rate curves is a consequence of the presence of recent slope
failures inside older landslides.
We compared the susceptibility zonation obtained using
the calibration set of 958 grid cells with the ensemble
of 50 susceptibility models. The latter were individually
obtained through a random selection of 80% of the
50 samples of 800 grid cells outside a known landslide
(i.e., at least 50m from a known landslide and with slope
gradient>3.5◦), and 158 grid cells in landslide depletion
areas. Inspection of Table 1 reveals that 16 of the
22 explanatory variables entered in at least one model, and
six variables (PLCV, PRCV, E, SAND, DRAY, NO INFO)
were not selected by any model. Of the 16 selected
explanatory variables, ten variables (SLO ANG, DDR,
PLRE, PRRE, PRCC, S, W, SCS, WET, VERY WET) were
consistently selected as predictors of unstable conditions,
four variables (ELV M, N, CLAY SAND, SILTY CLAY)
were always selected as predictors of stable conditions, and
two variables (PLCC, CLAY) exhibited contrasting weights
in different models. Only one variable (SLO ANG) entered
all 50 models, two variables entered 49 (WET) and 47 (W)
models, and the remaining variables entered between 7 and
36 models.
For the 50-model grid-cell-based ensemble, the average
percentage of grid cells correctly classiﬁed was 92.6, and
the average AUC value was 0.97 (Table 2). These ﬁgures
are virtually identical to the corresponding ﬁgures obtained
for the single model derived from the calibration set of
958 grid cells (Table 2). For all 2.78×106 grid cells in
the study area, red dots in Fig. 4b portray the relationship
between the mean probability value resulting from applying
the 50 models obtained for 50 different samples of 958 grid
cells to all grid cells in the study area (x-axis), and the single
probability estimate obtained for each grid cell in the study
area from the individual model prepared using the calibration
set of 958 grid cells (y-axes). The correlation between the
two estimates of landslide susceptibility is high (R2=0.982).
Despite a larger scatter than in the case of topographic
units (Fig. 4a), we consider the two classiﬁcations very
similar (Guzzetti et al., 2006b). Based on this result,
in Fig. 4d we compared for all grid cells in the study
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area the probability estimate of landslide spatial occurrence
(x-axis), ranked with the variation of the model estimate,
measured by 2 standard deviations (2σ) of the obtained
probability estimate (y-axis; Guzzetti et al., 2006b). The
2σ measure is low (<0.05) for mapping units classiﬁed as
highly susceptible (probability>0.80) and as largely stable
(probability<0.20). Although the scatter is larger, the cloud
of points is similar to the one obtained for the topographic
units analysis (Fig. 4c), with the exception of a distinct girdle
of points that lies outside the general pattern. These points
are not the result of a single model. Their erratic behaviour
points out problems inherent to the selection of individual
cells as representative of terrain conditions.
Figure 4d further indicates that the variation in the
grid-cell-based model estimate can be approximated by the
quadratic equation
y = 2σ = 0.002 + 0.185x−0.184x2(R2 = 0.629) (2)
where, again, x is the estimated value of the probability
of pertaining to an unstable grid cell (i.e., the landslide
susceptibility estimate), and y is 2σ of the model estimate,
which is taken as a measure for the model error (Guzzetti
et al., 2006b). For each mapping unit, Fig. 2d portrays the
error associated with the grid-cell-based probability estimate
(i.e., landslide susceptibility), computed using Eq. (2), and
provides a quantitative measure of the error associated with
the quantitative landslide susceptibility assessment shown in
Fig. 2b.
4.5 Comparison of landslide susceptibility maps
It is worth comparing the two landslide susceptibility
zonations (Fig. 2a and b). Visual comparison of the landslide
susceptibility maps shows that the topographic-unit-based
assessment classiﬁed a larger area as of high or very
high susceptibility (23% of the study area) than the
grid-cell-based assessment (10% of the study area). This
is due to two reasons. First, the topographic-unit-based
assessment predicts where an entire landslide (including
source and depositional areas) is expected, whereas the
grid-cell-based assessment forecasts only the location of the
landslide initiation area. Second, topographic units were
designed to be larger than the mapped landslides (average
area is 1×105 m2 vs. 4×104 m2), and were assigned a
unique susceptibility value by the topographic-unit-based
assessment.
Comparison of the grid-cell-based susceptibility assess-
ment with the location of old landslides reveals that the
lower parts of the landslide accumulation areas were not
always identiﬁed as susceptible by the model. However, the
model was capable of predicting local steep slopes within the
landslide accumulations areas as unstable. This observation
helps explaining the ability of the model to predict the
recent landslides. Further inspection of two susceptibility
zonations reveals local classiﬁcation mismatches. In
places, areas classiﬁed as of low susceptibility by the
grid-cell-based assessment are ranked highly susceptible by
the topographic-unit-based assessment. This occurs chieﬂy
where individual topographic units encompass multiple
terrain types, including ﬂat valley bottoms and plateaux free
of landslides, and a central sloping part with landslides, or
susceptible to slope failures. In these areas, a landslide
susceptibility assessment resulting from the combination of
the two susceptibility zonations will perform better than the
individual assessments.
5 Combined landslide inventory and susceptibility
assessment
Where multiple landslide susceptibility assessments are
available for the same area, the difﬁculty is how to
best combine the different susceptibility zonations; a
problem largely unresolved (Guzzetti et al., 2000; Guzzetti,
2006). In this work, we adopted an heuristic procedure
aimed at maximizing the available landslide and slope
stability/instability information, and at minimizing the
limitations inherent in landslide inventory and susceptibility
maps. First, the information available to us, including
the regional landslide map (Van Den Eeckhaut et al.,
2007a, b), the grid-cell-based zonation to predict the
location of landslide initiation zones (Sect. 4.4), and the
topographic-unit-based zonation to predict the occurrence of
landslides (Sect. 4.3), were ranked. Ranking of the landslide
information was based on: (i) the type of data shown in each
map, (ii) the information content in each map (Guzzetti et
al., 2000; Guzzetti, 2006), and (iii) external information on
landslides in the Flemish Ardennes (Van Den Eeckhaut et al.,
2006, 2007a, b, c, d).
Next, a landslide susceptibility ranking scheme was
devised and applied to the study area (Fig. 5). For
the purpose, the landslide susceptibility zonation based
on grid cells was transformed in vector format. Further,
the 5-class legend adopted to show the two susceptibility
zonations (Fig. 2a and Fig. 2b) was mapped to a simpler,
3-class legend. In the new classiﬁcation, (i) mapping units
(grid cells or topographic units) attributed a probability
greater than 0.55 (high and very high susceptible units) are
ranked as susceptible, (ii) mapping units with a probability
lower or equal than 0.45 (low and very low susceptible
units) are ranked as non-susceptible, and (iii) mapping
units with a probability in the range 0.45 to 0.55 are
considered of uncertain classiﬁcation. Lower case letters (h,
l, u) were used to identify the ranking determined by the
topographic-unit-based zonation, and upper case letters (H,
L, U) for the classes of the grid-cell-based zonation.
Finally, indications for land use practices for the different
susceptibility classes were established. The latter, is similar
to a landslide protocol, i.e. a set of regulations to link terrain
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Fig. 5. Map portraying combined landslide inventory and susceptibility zonation. Legend shows the coding scheme adopted to rank
susceptibility classes based on the presence of landslides, and the results of the grid-cell-based and the topographic-unit-based susceptibility
zonations. For probability classes, square bracket indicates class limit is included, and round bracket indicates class limit is not included.
Contour lines (20m interval) and rivers are added for reference.
domains to appropriate land rules (best practices) (Guzzetti
et al., 2000; Guzzetti, 2006).
Our heuristic ranking scheme is based on ﬁve classes,
uniquely identiﬁed by bold letters (Fig. 5), including four
classes of landslide susceptibility (very high (VH), high (H),
intermediate (U), low (L) susceptibility), and a separate
class for the presence of landslides (LS, old and recent,
deep-seated and shallow). In this ranking scheme, the
presence of landslides in an area is considered sufﬁcient to
classify the area as potentially hazardous. Thus, irrespective
of the results of the multivariate statistical classiﬁcations
(zonation), grid cells pertaining to a landslide area were
singled out as potentially hazardous, because landslide
reactivations are expected following prolonged precipitation
(Van Den Eeckhaut, 2006). In these areas, covering 2.4%
of the study area, land restrictions should be implemented,
and site-speciﬁc geotechnical and engineering-geological
investigations should be mandatory prior to any construction
work. If human actions aimed at reducing slope stability
are regulated, damage to property is expected to be limited.
Hence, re-allocation of existing population is not effective,
nor necessary.
The second most hazardous class in the ranking scheme
(VH) is attributed to areas where the grid-cell-based zonation
identiﬁes hazardous conditions, irrespective of the ranking
of the topographic-unit-based assessment. These are areas
where – according to the grid-cell-based model – the
initiation of landslides is most probable. In these highly
susceptible zones, covering 6.9% of the study area, land use
and planning rules similar to those implemented for landslide
areas should be implemented. Because the same conditions
reported to reactivate existing landslides can also initiate
new shallow landslides, site-speciﬁc investigations should be
mandatory prior to any construction work.
The remaining three susceptibility classes (H, U, L) are
decided chieﬂy based on the susceptibility ranking attributed
by the topographic-unit-based zonation. For areas ranked
as highly susceptible (H, covering 15.1% of the study area),
regulations aimed at minimizing the possibility of increasing
landslide susceptibility should be implemented. As an
example, it may be sufﬁcient to implement inexpensive,
but effective prevention measures (e.g. properly designed
and well-maintained drainage systems), or to avoid slope
destabilization during construction works. Areas of
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uncertain susceptibility deﬁnition (U, 2.0% of the study area)
are of difﬁcult interpretation. Inspection of the landslide
and the susceptibility maps suggests that these areas are
mostlystable, andthatinitiationoflandslidesisnotprobable.
Lastly, low susceptibility areas (L), covering 73.6% of the
area, encompass terrain where landslides are not expected.
In these areas, terrain or planning regulations to reduce
landslide risk are not necessary, and speciﬁc engineering or
geotechnical investigations to determine the local stability
conditions are not required necessarily.
6 Concluding remarks
To allow for a reliable assessment of landslide susceptibility
in a 277km2 study area in the Flemish Ardennes, a
landslide susceptibility zonation was prepared through an
heuristic combination of (i) a regional landslide inventory,
(ii) a grid-cell-based map showing susceptibility to landslide
initiation, and (iii) a topographic-unit-based map showing
susceptibility to landslide spatial occurrence. Canonical
discriminant analysis was used for the preparation of the
grid-cell-based and the topographic-unit-based susceptibility
assessments. For the delineation of the two most
susceptible classes (LS and VH; Fig. 5), the adopted
approach maximized the available landslide and slope
(in)stability information. This was achieved by exploiting
(i) information on the location of known landslides, and
(ii) the grid-based prediction for the location of landslide
initiation zones. Delineation of the remaining susceptibility
classes (H, U, and L, Fig. 5) was mainly based on the
results of the topographic-unit-based zonation. This allowed
reducinguncertaintiesinherenttothelandslidemapping(i.e.,
mapping errors at landslide boundaries, and incompleteness
of the inventory for recent shallow landslides) and to
the grid-cell-zonation (i.e., inability of predicting areas
susceptible to accumulation of landslide debris). With
this respect, the high landslide susceptibility class (H) is
particularly important. It outlines areas close to existing
landslides and to very high susceptibility areas. These
areas represent possible landslide accumulation zones, or
other susceptible areas that were not picked up by the
grid-cell-zonation. Since the study area is mainly susceptible
to slow moving rotational sliding (Van Den Eeckhaut et
al., 2007a, b, c), a high susceptibility ranking of some of
the valley bottoms represent an overestimation of landslide
susceptibility.
In this study, an heuristic approach was adopted for
the combination of the landslide inventory and of the two
susceptibility zonations. A more objective combination of
the maps requires further investigation. Systematic use of the
combined landslide inventory and susceptibility assessment
(Fig. 5), and adoption of the proposed land use practices
linked to the established susceptibility classes, will help
mitigating landslide risk in the study area, contributing
to decreasing the amount of structural damage caused
by future landslides. We maintain that the proposed
susceptibility assessment is straightforward, and easy to use
by local and regional authorities, and by concerned citizens.
We recommend preparation of a similar susceptibility
assessment for the Flemish Ardennes, and for other similar
regions.
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